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01 Theory : Classical Asset Pricing
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- d2| ¥2{%l Asset Pricing Model Z= Capital Asset Pricing Model(CAPM), Arbitrage Pricing Theory(APT),
Consumption-based Model §0| &

- OISt REIE2 AIXE 10 EXAAHCE HHIM O LE Fundamental Equation of Asset Pricing2 F& 7ts

(e = E¢lmes1xe41])
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Asset pricing theory all stems from one simple concept: price equals expected discounted payoff

"John H. Cochrane-Asset Pricing (2004) [1]4

13 b4
The empirical quest in asset pricing for the last 40 years has been to estimate a stochastic discount factor

"Chen et al.-Deep Learning in Asset Pricing (2024) [2]J
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01 Theory : Classical Asset Pricing

 Definition 1) Completeness of Financial Market
= XHLEO| N7H, state SF7F S7H Y M, payoff matrix X € RV*S X=
» 2= ze RSO O{SHAM O{fH ZEZE|2 he RVNO| EX510 z = XTh 7} dE
= XThe ZEE2Z|2 hof| CHst s;tatete'iI payoff ) ) Z = (21,7, o, 25)"
= [2tAM Asset span(Z2£ 7Hs2t state payoffe| &eho| RS2t 5LSHCH= A h = (hy, hy, ..., hy)"

x1§1) X1 .(5)]

xN.(l) xN.(S)
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« Definition 2) No Arbitrage P = PPz PN)
« Xtitol 7+AE p € RVNEFD SHAL
« ZEZ2[Q he RV BX| AT 7t4EZ p™hO|1, stated payoff= XTh € RS
Arbitrage= pTh < 02 XTh > 02 SA|0| 2EFA|Z[ALE pTh < 02F XTh > 02 SA|0 THEA[7|= ZEEZ2[R h

= No Arbitrages= 92| ZHZ BtESH= h7t EXSHA| =Lt A
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01 Theory : Classical Asset Pricing

« p; = E[my;11x:41](Fundamental Equation of Asset Pricing)2| 2/0]
= XtiF 7t (p)2 discounted payoff@| 7| SHZL(E [meyqxeq])0F ZCF
= m = S2=0| CHoE ZHE M ~0|, stochastic discount factor(SDF)2t1 Alet
= 7|0 myyq 2t xpy 2 stateOfl 2t BH5EY| 0| FRSHAIE mpy1(s), xe1 ()= A RHX[T 2HF AEFe
= B tAIE2] HEO| LS conditional expectationa 2|0|(E [my1xe11]1= Elmes1xesq1|l], I : Information set)

* Ee[mep1Rep1] =122 Ef[mey RE ] =022 B Jts

LN
Xe+1/Dt \Rt+1 - R[+1
» Simple example - 27tX| state(2 &, 28)7/t € =EZE EMote FAHAE
i | s | SEACE | 28 A0t
= = (Payoff) (Payoff) = XFAROI CHSH : P
& XpAHOf| CHBF Fundamental Equation of Asset Pricing

2800 500 550 450 -. S&P500 ETF : 500=0.5 x 550 x m(Z&h+0.5 x 450 x m(2 &)
Ulj_éT;?XH 100 08 102 - O/= =X} ETF: 100=0.5 x 98 x m(22)+0.5 x 102 x m(&&
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01 Theory : Classical Asset Pricing

Theorem 1
No arbitrage & Im;,; > 0s.t. Et[mHlRfﬂ,i] =0,Vi=1~N

= L

No arbitrage Z=711f conditional moment =715 EI&0t= positive SDF2| EXi-d 2 SX|O0|Ck

Theorem 2
Et[mt+1Rte+1,i] =0 E[mt+1Rf+1,iZt,i] =0,Vz,; €1,

conditional moment ZZ49°| Bt=2 I E X H 0| LYt unconditional moment =712| BFE1}F = X|O|C}

Theorem 3
No arbitrage Z2 TtEA|7|= SDFO| CHSHM myy; = ar — bR, (b:>0)

|.7C

No arbitrage =712 TtE 5= SDF= mean-variance efficient portfolio2| affine transformationO|C}.

6/12



02 Application : Deep Learning in Asset Pricing

%M Theorem1~3= EE[SIH No arbitrage= Of2ffe| 4= Bt=5t= SDF(m,,,)7F EME= 2[0| et
E[mt+1Rf+1,iZt’i] = O ,VZt,i (S It,Vi = 1~N,

Where Meyq1 = A — btRm_‘l;_,

Problem1 : vz,; € ,.& O{EAH & ACQI7I? Problem2 : a;, b= 0187 15 ZAR171
S oE ;HEEt ‘Mi{ah A Ad B oo ' - incomplete market, No arbitrage 73
Szi=gloly > £l B2 SDF7L EX=
61 = 8o foi > My =1— Ry, B FOIE SDFE X2 = US
N 2

N
E [(1 - Zw(n,fﬂ_im;ﬂw) R, gL, fm)]
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02 Application : Deep Learning in Asset Pricing
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I'Update parameters to maximize loss
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SDF Network:
Update parameters to minimize loss
Feed w(h, 1) Construct
Forward SDF
Network
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Optimization Algorithm
@ initialize SDF Network

@ update Conditional Network
® update SDF Network
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02 Application : Deep Learning in Asset Pricing

« CtE2 DEI0|| H|SAl SDF & & Eikst

Table 1. Performance of Different SDF Models

SR EV XS-R?

Model Train Valid Test Train Valid Test Train Valid Test

Least Squared  [.S .80 058 042 009 0.03 0.03 0.15 0.00 0.14
Elastic Net EN .37 115 050 012 0.05 0.04 0.17 0.02 0.19

Feed Forward Network FFIN 0.45 042 044 011 004 004 0.14 -0.00 0.15
Proposed Network GAN 268 ]_4:3 075 020 009 008 012 DU]_ 023

Note. This table shows the monthly Sharpe ratio (SR) of the SDF
explained time series variation (EV), and cross-sectional mean R? for

the GAN, FFEN, EN, and LS models.
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02 Application : Deep Learning in Asset Pricing
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Figure 7. (Color online) Cumulative Excess Return of Decile- Figure 16. (Color online) Cumulative Excess Returns of SDF
Sorted Portfolios with GAN
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Notes. This figure shows the cumulative excess return of decile- 1968 1978 1988 1998 2008 2018
sorted portfolios based on the risk loadings p. The first portfolio is .
based on the smallest decile of risk loadings, whereas the last decile Notes. The ﬁgure shows the cumulative excess returns for the SDF for
portfolio is constructed with the largest loading decile. Within each GAN, FEN, EN, and LS. Each factor is normalized by its standard
decile, the stocks are equally weighted. deviation for the time interval under consideration.
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